Abstract Mechanical imaging yields tissue elasticity map and provides quantitative characterization of a detected pathology. The changes in the surface stress patterns as a function of applied load provide information about the elastic composition and geometry of the underlying tissue structures. The objective of this study is the clinical evaluation of breast mechanical imager for breast lesion characterization and differentiation between benign and malignant lesions. The breast mechanical imager includes a probe with pressure sensor array, an electronic unit providing data acquisition from the pressure sensors and communication with a touch-screen laptop computer. We have developed an examination procedure and algorithms to provide assessment of breast lesion features such as hardness related parameters, mobility, and shape. A statistical Bayesian classifier was constructed to distinguish between benign and malignant lesions by utilizing all the listed features as the input. Clinical results for 179 cases, collected at four different clinical sites, have demonstrated that the breast mechanical imager provides a reliable image formation of breast tissue abnormalities and calculation of lesion features. Malignant breast lesions (histologically confirmed) demonstrated increased hardness and strain hardening as well as decreased mobility and longer boundary length in comparison with benign lesions. Statistical analysis of differentiation capability for 147 benign and 32 malignant lesions revealed an average sensitivity of 91.4% and specificity of 86.8% with a standard deviation of ±6.1%. The area under the receiver operating characteristic curve characterizing benign and malignant lesion discrimination is 86.1% with the confidence interval ranging from 80.3 to 90.9%, with a significance level of P = 0.0001 (area = 50%). The multisite clinical study demonstrated the capability of mechanical imaging for characterization and differentiation of benign and malignant breast lesions. We hypothesize that the breast mechanical imager has the potential to be used as a cost effective device for cancer diagnostics that could reduce the benign biopsy rate, serve as an adjunct to mammography and to be utilized as a screening device for breast cancer detection.
Introduction
The current methods of breast pathology assessment include Clinical Breast Examination (CBE), Mammography, Ultrasound, Magnetic Resonance Imaging (MRI), and biopsy. Positron emission mammography and sestamibi scans are also used occasionally. A recent large-scale clinical study (42, 760 patients in USA and Canada) on the diagnostic performance of mammography for breast-cancer screening revealed that the diagnostic accuracy of digital and film mammography is 78 and 74%, respectively [1] . A European randomized mammography screening trail (23, 929 patients in Norway) demonstrated a sensitivity of 77.4% and specificity of 96.5% for full-field digital mammography while a screen-film mammography yielded a 61.5% sensitivity and 97.9% specificity. Notably, the median size of detected invasive cancers was about 13.5 mm [2] . Despite the recommendation for an annual mammogram, only 58.3% of women 40 years or older in the United States had a mammogram in 2004 [3] .
Ultrasound is being increasingly used as a complementary method for the assessment of mammographically or clinically detected breast masses for supplemental information on dense tissue [4] . However, there is limited data supporting the use of ultrasound in breast cancer screening as an adjunct to mammography [5] . The conventional ultrasound is more often used to determine whether an area of concern on the mammogram or clinical exam is cystic or solid. The majority of cystic masses are benign while solid masses need further evaluation [6] . Many indications for clinical breast MRI are recognized. These include resolving mammography findings, staging of breast cancer when multiple or bilateral disease is suspected, and detecting the occult primary breast cancer presenting with malignant axillary lymphadenopathy [7, 8] .
The CBE is applied to detect abnormalities or to evaluate a patient's report of symptoms or findings of palpable breast cancers at an earlier stage of progression [9] . The American Cancer Society guidelines suggest an annual CBE for age 40 and older for early detection of breast cancer in asymptomatic women [3] . The CBE identifies some cancers missed by mammography [10, 11] and provides an important screening tool among women for whom mammography is not advised or for those that do not receive high-quality screening mammography. Nevertheless, CBE performance and reporting approaches are known to be inconsistent. Health care providers report a lack of confidence in their CBE skills and would welcome training and practical recommendations for optimizing performance and reporting [12] . Data for the six studies examined by Barton and colleagues resulted in an overall estimate of 54.1% for CBE sensitivity and 94.0% for CBE specificity [13] . These findings are comparable to the published values of CBE sensitivity (58.8%) and specificity (93.4%) observed in the US national screening program of 752,081 CBE reports [14] .
Therefore, a method that mimics CBE but with enhanced sensitivity and specificity might consequently lead to a greater screening yield. Such method for detection and visualizing breast abnormalities and assessing their mechanical properties with sensitivity exceeding that of manual palpation was developed. The method, called Mechanical Imaging, is based on reconstructing the internal structure of soft tissues using the data obtained by a pressure sensor array pressed against the examined site [15] . The changes in the surface stress patterns as a function of displacement, applied load, and time provide information about elastic composition and geometry of the underlying tissue structures.
We have demonstrated earlier that the Breast Mechanical Imager (BMI), a compact device comprised of a handheld probe equipped with a pressure sensor array, allows calculation of size, shape, consistency/hardness, and mobility of detected lesions [16] . The BMI prototype has also been validated in laboratory experiments on tissue models and tested in a clinical environment [17] . The objective of this study is the clinical evaluation of the BMI for breast pathology characterization and differentiation between benign and malignant breast lesions.
Materials and methods

Study design and protocol
The primary objective of the clinical study was to assess the BMI's capability in lesion characterization. The examination was performed specifically for the concerned breast areas with the suspected lesions. Lesion features were calculated from the recorded BMI examination data and were used for lesion characterization. Additional diagnostic information provided by other diagnostic modalities was collected and used for the analysis of the potential of differentiation of benign and malignant lesion by BMI. Thus, the primary objective of lesion characterization has been extended to a more practical question of benign and malignant lesion discrimination. Evaluation of the classification accuracy of the BMI has been done in a non-blinded data analysis.
The clinical protocol was approved by the Institutional Review Boards at each of the clinical sites. The study was done in compliance with the Health Insurance Portability and Accountability Act. The clinical study has been conducted through a non-randomized multi-center trial in the four investigational sites: New Jersey (The Cancer Institute of New Jersey, New Brunswick), New York (Mercy Medical Center, Rockville Centre), Pennsylvania (The Breast Care Center & General Surgery Practice, Easton), and Florida (Breast Health Institute, Maitland). The exams were performed by BMI trained breast surgeons enrolled as co-investigators in the study.
Study inclusion criteria were: (a) women (over the age of 21) with a breast mass identified by mammography, ultrasound, and/or CBE, (b) women (over the age of 21) referred to a breast surgeon for evaluation of a particular area of concern identified either by the woman herself or her primary physician, (c) patients with a clinical record containing CBE, US, and mammography reports with clear localization of lesion of interest. (d) patients with a clinical record containing a pathology report with the results from a fine needle biopsy, core needle biopsy, or excisional biopsy for the identified lesion with an exception in cases where the ultrasound and mammography reports both clearly stated that the lesion is benign, predominantly a cyst, and biopsy is not required.
Study exclusion criteria were:
(a) patients with skin infection or inflammation in the breast, (b) patients with prior breast cancer surgery or radiation, (c) patients with scleroderma or other connective tissue disorders, (d) patients with epidermal cysts, (e) patients that had a biopsy recommendation, but for various reasons a pathology report was unavailable, (f) immoderate deviation from the recommended BMI examination procedure such as losing the lesion image or keeping lesion image at the edge of pressure array during the scan, poor pressure patterns due to insufficient level of applied force (well below the recommended level). (g) the BMI examination was performed after biopsy.
A hard copy of lesion related clinical data with the results of clinical diagnostics for all enrolled patients was submitted for data review and analysis. Classification of each scanned lesion as benign or malignant was determined by the result of the pathology report or, as in the case of a cyst or other benign findings that did not recommend biopsy testing, from the results of the mammogram and ultrasound.
BMI system
The BMI is comprised of a probe, an electronic unit, and a touch screen laptop [17] . A pressure sensor array positioned on the probe head is designed to acquire pressure patterns between the probe surface and the exterior skin layer of the breast during contact. The sensory array size is 40 mm by 30 mm and is comprised of 192 pressure sensors. Special software was developed for processing of the data collected from the probe sensors and the calculation of certain lesion features as described below in this paper.
BMI examination procedure
Prior to the biopsy, a BMI examination was conducted on the area of clinical concern. At first, the breast surgeon (oncologist) would perform a standard CBE to determine the location of the concern. Some of the patients had non palpable lesions and the lesion was observed by ultrasound prior to biopsy. With the knowledge of this location, the patient was placed in a similar position to that of a standard CBE with her breast in the supine position on an examination table. The examiner placed a disposable sheath over the sensor head of the BMI and then applied a water soluble lubricating lotion to the sensor head or applied directly to the area of concern. Once ready, the local scan of the lesion by the BMI was done in either one of two different variations: by applying up and down probe compressions over the lesion or circular probe motions around the lesion. During the examination, the acquired pressure response patterns from the probe sensors, being processed in real time, provided visualization of the current pressure pattern and a composition of the accumulated lesion image as described earlier [17] . The examination was recorded and stored by the BMI system in a digital format file, which was analyzed later in a research laboratory environment to calculate lesion features and verify the constructed multiparameter classifier. The duration of a typical lesion scan was approximately 1-2 min. In addition to the real time lesion image, the examiner was able to observe signals indicating excessive probe tilt, the total number of collected pressure frames and their distribution versus applied force and the level of the force applied to the probe. The acquired level of applied force was used as a guide in maintaining the recommended operational range from 7 to 18N.
Study population
The BMI clinical data set presented in this paper was collected and recorded during the period of July 2005 to November 2007. Initially, after giving written informed consent, 219 women were enrolled in the study at four different clinical sites. However, due to various clinical and procedural factors, a total of 40 patients were found to be ineligible and were excluded from the data analysis. Among them, 13 patients that were recommended for biopsy did not have the biopsy for various reasons (such as: they did not return for the appointment, their insurance changed, they moved or switched to another physician); 9 patients had the biopsy done before the BMI examination; we were unable to determine from the record the location of the lesion for 3 patients; and 2 patients had an epidermal cyst. An additional 13 patients were excluded due to the specific limitations implied by the examination procedure requirements, such as poor distribution of recorded pressure patterns versus applied force (7 patients), lesion image was imaged on the perimeter of the pressure sensor array (3 patients), pressure sensors were zeroed on an incorrect level (2 patients), and applied force level to the BMI probe was beyond the operational range (1 patient). We observed some excessive tilt of the probe head during the lesion examinations, however, we did not exclude these cases from further consideration and analysis. Summary of the patient enrollment and exclusion for all four sites is shown in Table 1 . Table 2 displays the lesion diagnosed pathology distribution among the analyzed patients. Collectively there are 179 patients included in the data analysis of the clinical study as stated in Table 1 . There are 19 patients from the first clinical site, 19 patients from the second site, 37 patients from the third site, and finally 104 patients from the fourth site. The median patient age was 43 years, from 21 to 92 years, with 36 and 52 years as the low and upper quartiles, respectively.
Overall, 147 and 32 cases were classified as benign and malignant, respectively. In 150 cases we had the pathology reports (fine needle biopsy, core biopsy or excisional biopsy) and in 29 cases we had ultrasound and mammography examination results that clearly stated that the lesion is benign, mostly diagnosed as cysts (19 cases), with no biopsy recommended. This diagnostic clinical information was used as the 'gold standard' for BMI data analysis. The benign classified lesions were divided into 11 subclasses [18] and malignant classified lesions were divided into 5 subclasses [19] as shown in Table 2 .
Lesion features calculation
A detailed description of the lesion feature calculations has been given in an earlier publication [17] . Here, we will briefly outline the algorithms used for evaluation of features proposed for differentiating benign and malignant cases. Three features are related to tissue hardness and two other features are parameters characterizing lesion mobility and shape. Patient age was used as an additional input parameter for the classifier since the breast cancer risk is increased with age [20] .
The input data to compose a 3D image of the breast lesion is comprised of a continuous sequence of 2D filtered images. The 3D image reconstruction starts with the formation of an initial 3D structure by stacking the series of 2D structure images along the vertical Z-coordinate (transverse plane) during the first tissue compression. Further, every 2D imprint is integrated by a parallel translation inside the 3D structure image, where x,y coordinates (coronal plane) are determined by a matching algorithm [17] . The Z-coordinate (layer number) is calculated according to:
where A = 1.04 9 10 -5 and B = -5 are empirical constants, k and l are quantities of horizontal and vertical pixels inside the pressure response frame with the analyzed lesion pattern, and S i,j is the current pressure signal of i,jpixels expressed in P a . Consequently, the final 3D image is composed of 2D images P(x,y,Z), which are the layers inside the 3D image, and we can calculate the maximum pressure value M(Z) for each Z-layer:
where x,y are coordinates in the plane parallel to a breast surface. Further, we approximate the experimental value of M(Z) by the second order polynomial: 
Lesion hardness related features are F1, F2 and P a (Z m ). The F1-parameter characterizes nonlinearity of loading curve and is defined as strain hardening of the lesion. The parameter F2 characterizes the average slope of a stressstrain loading curve and the parameter P a (Z m ) is the maximum pressure value for the Z m -layer, where the total force applied to the probe is 12N.
The mobility of the lesion Mb aver is evaluated as an averaged value of Mb(t) through the examination time t for all pressure patterns containing the lesion image:
Phðx; y; Z; ThÞ Â Shðx; y; tÞ 
where Ph is the accumulated 3-D binary lesion image, Th is the threshold of binarization, Sh(x,y,t) is a binary image of a momentary lesion image to be placed in comparison with the Z-layer, S(x,y,t) is the momentary pressure response of sensor with x,y-coordinates at time t. Prior to Eqs. 4 and 5, the image Sh(x,y,t) is matched with the accumulated image P z (x,y) as detailed in a prior publication [17] . The Mb aver value, expressed in percentage, characterizes the capability of the lesion to change its form and position under applied mechanical indentation by the probe's curved surface. The shape of the lesion is characterized by the ratio of the lesion boundary length to the perimeter of a circle with the same area as that of the lesion visible projection. The age of enrolled patients was the sixth parameter used in data analysis.
Statistical analysis
A statistical assessment of the diagnostic significance of each feature was completed with the aid of the statistical toolbox in MATLAB 6.1 (MathWorks, Natick, MA) and MedCalc 9.2 (MedCalc Software, Mariakerke, Belgium). For visual evaluation of the analyzed clinical data distributions within the benign and malignant patient samples, we used boxplots for data representation of each analyzed feature and their combination. In descriptive statistics, the boxplot is a convenient and widely accepted way of graphically depicting groups of numerical data or data samples [21] . Boxplots are able to visually show distinctions of data samples without making any assumptions about the underlying statistical distribution. The spacings between the different parts of the box help to compare variance. The boxplot also identifies skewness (asymmetry) and outliers. We have used a notched boxplot [22] showing a confidence interval for the median value. The intersection or divergence of confidence intervals for two patient samples is a visual analog of the paired t-test. A correlation coefficient calculated by the standard procedure implemented in MATLAB software [23] was applied to analyze the strength and direction of the linear relationship between each of the six calculated features. We calculated Pearson product-moment correlation coefficients, which are obtained by dividing the covariance of the two variables by the product of their standard deviations.
To compare diagnostic performance of a test for the features characterizing the lesion and to evaluate feature combined effectiveness, we used the receiver operating characteristic (ROC) curve analysis [24] . The area under the curve (AUC) is determined from plotting sensitivity versus 1-specificity of a test as the threshold varies over its entire range. Conceptually, AUC is interpreted as the probability that the test will produce a value for a randomly chosen diseased subject that is greater than the value for a randomly chosen healthy subject [25] . Each data point on the plot represents a particular setting of the threshold. An area of 1 indicates a perfect prediction; an area of 0.5 is a chance result.
Statistical classifier
To differentiate benign from a malignant breast lesions, we employed a naïve Bayesian classifier [26, 27] . Large-scale comparison of this Bayesian classifier with state-of-the-art algorithms for decision tree induction and instance-based learning on standard benchmark datasets found that the simple Bayesian classifier was superior to each of the other learning schemes, even on datasets with substantial feature dependencies [28] . A naive Bayesian classifier is a probabilistic classifier based on applying Bayes' theorem with strong independence (naive) assumptions. The goal of the Bayesian classification for our situation is to calculate the probability P of lesion being benign C b or malignant C m for a given set of lesion features F. Formal presentation of the probability will look as P(C i |F j ), where i is the lesion number and j is the lesion feature number. If one the values of P(C b |F j ) or P(C m |F j ) was greater than the other, then the classification of the lesion would be that of the greater value. The Bayes' theorem facilitates the computation of the P(C i |F j ) probability:
where P(C i ) is the prior probability of C i and P(F j ) is the prior probability of F j , which acts as a normalized constant often referred to as evidence. To calculate the conditional probability P(F j |C i ) requires that we estimate the joint probability distribution, in all 6-dimensions for the six features, for the point for each of the classes. Under the independence (naïve) assumption, the covariance matrix has only diagonal members. Hence, the conditional probability P(F j |C i ) might be calculated as:
where F j a is the value of F j in the a-th dimension. For numeric data we assume that each dimension is normally distributed. Thus, we have to estimate the variance r i a and mean l i a for each class C i separately, directly from data. Once these values are computed for benign and malignant patient samples, we calculate:
The value of the prior probability P(C i ) is defined by the ratio of the sample size to the total number of patients. The evidence value was calculated according to:
The difference between P(C b |F j ) and P(C m |F j ) was used as a threshold parameter for the construction of the ROC curve for a set of specified features.
Results
The comparative benign-malignant paired boxplots for the lesion strain hardening (F1), loading curve average slope (F2), maximum pressure peak for the fixed total force applied to the probe (F3), lesion shape (F4), lesion mobility (F5), and patient age (F6) are shown in Fig. 1 . The central horizontal line inside each boxplot corresponds to the median value of the sample distribution, as the confidence interval for the median is depicted by a notched beam range on each boxplot. Lower and upper horizontal lines of the box correspond to the first (25%) quartile and the third (75%) quartile, respectively. Small circles beyond the horizontal bars illustrate the outlier data, which begins at the value of the interquartile range multiplied by 1.5 and extends beyond. Nine breast lesions (7 benign and 2 malignant) out of 179 were not palpated in the area of concern during the corresponding CBE, yet were discovered by the mammography examination. The area under the ROC curve (AUC) characterizing the discrimination of benign and malignant lesions was calculated separately for each clinical site for each feature of the set F1-F6 as displayed in Fig. 2 . This plot demonstrates the variability of diagnostic effectiveness of the analyzed features from site to site. We found that the average AUC value and standard deviation for feature F1 = 68.5.1 ± 12.6%, F2 = 76.6 ± 8.1%, F3 = 79.3 ± 4.1%, F4 = 63.8 ± 8.3%, F5 = 80.2 ± 11.2%, and F6 = 77.4 ± 6.9%. Fig. 1 Benign-malignant paired boxplots for features F1 through F6. F1, strain hardening; F2, loading curve slope; F3, max pressure signal; F4, lesion shape; F5, lesion mobility; and F6, patient age Fig. 2 Performance of discrimination between benign and malignant lesions separately for the four clinical sites in consideration of features F1 through F6. F1-strain hardening, F2-loading curve slope, F3-max pressure signal, F4-lesion shape, F5-lesion mobility, and F6-patient age Pair correlation coefficients for features F1-F6 used in benign and malignant lesion differentiation are shown in Table 3 . The correlation indicates 1 in the case of perfect linear relationship, -1 for a decreasing linear relationship, and another value in between 1 and -1 signifying the degree of linear dependence between the variables. The closer the coefficient is to either -1 or 1, the stronger the correlation between the features. If the features are independent then the correlation is 0, though the converse is not true since the correlation coefficient detects only linear dependencies between two variables. This table has diagonal symmetry, which is expressed by 1, given that each data set perfectly correlates to itself.
ROC curves constructed for each of the BMI parameters F1-F5 are shown in Fig. 3 . Features F3 and F5 appeared to have the highest diagnostic information value with AUC of 79.4% with the 95% confidence interval (CI) from 72.7 to 85.1%. The least efficient single feature F4 has AUC of 60.9% with the 95% CI from 53.4 to 68.1%. The right bottom panel in Fig. 3 presents ROC curve for performance of discrimination between benign and malignant lesions for the Bayesian classifier output when the complete set of parameters F1-F6 for all 179 patients was used as input data of the classifier. The AUC is equal in this case to 86.1% with the 95% CI from 80.3 to 90.9% while a significance level P = 0.0001 for the area of 50%; sensitivity is equal to 87.5% with the 95% CI from 71.0 to 96.4 ± 12% (95% CI) and specificity 84.4% with the 95% CI from 77.5 to 89.8%. It is important to emphasize that clinical data from all four sites have been combined together. In addition, distributions for the lesion features calculated according to Eq. 8 are different from that for the data shown in Fig. 4 where all distributions have been calculated separately for each clinical site. Figure 3 includes the calculated 95% CI lines above and below the ROC curve. Figure 4 presents the calculated sensitivity, specificity, and AUC for the output of the Bayesian classifier applied for differentiation of benign from malignant lesions for each clinical site. All F1-F6 features have been used as input parameters in this analysis as described in the method section. We found the sensitivity to range from 85.7 to 100%, specificity from 78.7 to 100%, and AUC from 83.4 to 100%. Figure 5 demonstrates the sensitivity, specificity, and AUC values calculated as average values and as combined for the 179 patients. The left bar (averaged results) represents the clinical data from all four sites analyzed separately by the Bayesian classifier as shown in Fig. 3 , thus the resulting data for sensitivity, specificity and AUC have been averaged. The right bar (combined data) presents clinical data from all sites used as an input data set for the Bayesian differentiation of benign from malignant lesions. All F1-F6 features have been used as input parameters in this analysis as described in the method section. The average sensitivity is 91.4 ± 6.1% (±standard deviation), average specificity is 86.8 ± 9.2%, and AUC is 90.7 ± 7.6%.
Discussion
As shown in Table 1 , 219 patients were enrolled in the study at four clinical sites. A total of 40 patients were found not eligible and their data were excluded from the analysis. That constituted 18.3% exclusion with the largest exclusion due to the procedure deviations (13 patients or 5.9% of the total enrollment) and patients not returning for scheduled biopsy (13 patients or 5.9% of the total enrollment). The remaining 14 patients or 6.4% were excluded due to not meeting the protocol requirements. Sites 1 and 2 were only able of enroll a limited number of patients for the given period, 25 and 21 respectively, which cannot be considered reliable statistical samples. Nevertheless, the data combination from all four clinical sites (179 patients) represents a meaningful statistical population. The exclusion of 18.3% of enrolled patients cannot provide any bias because these 40 patients represent a statistically independent sub-population and related data were not analyzed due to the absence of pathology diagnosis.
It is important to emphasize that the BMI provided detection and image composition for all 179 subjects, including 9 with non palpable lesions. This observation supports an earlier conclusion that computerized palpation is more sensitive than a human finger [29] [30] [31] . Table 2 presents the breast pathology distribution among 179 cases. The benign group is subdivided into 11 categories, which were not uniform among the all clinical sites. In total, the largest benign categories were fibroadenoma (37 patients or 25.2%), cyst (26 patients or 17.7%), and fibrocystic changes (17 patients or 11.6%). More uniformity was found in the malignancy cases from each site with invasive ductal carcinoma diagnosed in 80% of site 1, 57.1% of site 2, 80% of site 3, and 70% of site 4. Invasive [32] . The breast pathology distribution observed in this study is in agreement with the data received from large scale screening and research trials [1, 2, 4, 18, 19] .
Features F1 through F3 are related to the lesion hardness characterization. The increased hardness of a tissue correlates with the presence of cancer in the tissue as confirmed by various elasticity imaging techniques [33] . Measurements of excised breast specimens exhibited that normal breast tissue has a modulus that was noticeably lower than the modulus of the breast cancer tissue. Tumors or a tissue blocked from receiving blood nutrients are stiffer than normal tissue. Benign and cancerous tumors were also shown to have distinguishing elastic properties [34] [35] [36] . Both Fig. 1 and 2 demonstrate the limited discrimination capability of the selected features being analyzed individually due to possible influence by numerous factors, such as breast lesion location, its depth, breast size, and deviation in the examination technique. The averaged values of AUC for features F1-F5 calculated for four clinical sites vary from 64.3 to 80.0%. We can conclude that the confidence intervals of benign and malignant patient samples for features F2 (loading curve slope), F3 (maximum lesion signal for the fixed force applied to the probe), and F5 (lesion mobility) are not overlapped and in agreement with the relatively increased value AUC of 76.6, 79.3, and 80.2%, respectively. However, a relatively decreased AUC of 68.5 and 63.8% is seen for features F1 (strain hardening) and F4 (lesion shape) and their confidence intervals for benign and malignant boxplots have certain intersections.
Two features, strain hardening and lesion mobility, revealed standard deviations of 12.6 and 11.2% and ranged from 60.7 to 87.1% and from 73.8.1 to 91.9%, respectively. The relatively high variance of strain hardening F1 might be explained by sensitivity to deviations in the examination procedure and the significant range of tissue deformation (up to 30%) under the probe manipulation. The lesion mobility variance might also be explained by operator specific deviations in examination procedure. We believe that more detailed instructions and extended training of the operators, as well as real time feedback signaling on deviations in the examination technique, will increase the accuracy and robustness of the procedure.
The correlation coefficients calculated for features F1-F5 demonstrate a low linear correlation (\0.35), except for the F2-F3 pair of 0.68 (see Table 2 ). We anticipated that these two features would correlate at a more notable level due to the larger value of F2, which would definitely cause an increase in the value of F3. The decrease in the F2-F3 correlation is observed in the beginning of the loading curve, which is plotted as the pressure maximum signal from the lesion versus the total applied force to the probe. We set the range for the initial part of the loading curve as 0-5N of the total force. Initially, the loading curve exhibits substantial nonlinearity that is not taken into account in the F2 calculation, but is incorporated into the F3 feature. Furthermore, with the addition of feature F3 into input parametric set of the Bayesian classifier, the lesion diagnostic accuracy and the confidence interval of AUC appeared to be better.
The F4 value characterizing the lesion shape for malignant lesions decreases relative to the benign lesions as it follows from Fig. 1 . This reflects the fact that the shape of a harder core of a malignant lesion is closer to spherical than a benign lesion. The lesion mobility F5 for malignant lesions is decreased relative to the benign lesions (Fig. 1) . As we mentioned in the method section, this parameter integrates not only lesion mobility, but also its deformability during the probe pressing against the lesion. Intuitively, this result might be anticipated since the malignant lesion must be more conservative and stable in these terms. It seems reasonable that F5 has mild correlation coefficients of -0.32 and -0.33 with F2 and F3.
Aside from the gender, age is the most important factor affecting breast cancer risk [20] . The patient age F6 demonstrated a clear divergence between the benign and malignant patients (see Fig. 1 ). The correlation coefficients of the patient age with features F1-F5 ranged from 0.16 to 0.14. This result confirms the weak correlation of patient age with other features, a fact which enhances its significance and usefulness as an additional independent coordinate in a multidimensional space for classification. Therefore, we have decided to incorporate this feature into the benign-malignant classifier.
A combined multi-parameter assessment composed of relatively low correlated parameters increases the discriminating power of BMI binary lesion classification. It might be seen in Fig. 3 where we represented ROC curves for BMI parameters F1 through F5 and ROC curve for the Bayesian classifier output (right bottom). Averaged value of AUC for parameters F1 through F5 is 73.5%. Combining these five BMI parameters by means of the Bayesian classifier the diagnostic accuracy is increased in averaged by 11.3%, from 72.3 to 83.6%. Additional increase by 2.5% was provided by taking into account patient age F6 as the input parameter for the classifier. The feature combination decreases the confidence interval for diagnostic accuracy relative parameter F1 through F5 alone as it might be concluded from Fig. 3 . On average, the confidence interval is narrowing from 13.3% for single feature to 10.6% which is also beneficial effect of features combination. Figure 4 demonstrates the differentiation capability for benign and malignant lesions with the use of the Bayesian classifier in the case when the data have been analyzed separately for each clinical site. The variability of diagnostic accuracy from clinical site to site might be explained by deviations in the nature of patient groups enrolled at the sites, especially among the patients with benign findings.
The diagnostic accuracy calculated as average values for the four clinical sites exceeds the diagnostic accuracy calculated for the combined 179 patients, as it clearly seen in Fig. 5 . This difference is 3.9% for sensitivity, 2.4% for specificity, and 4.5% for AUC. That means that the Bayesian classifier can discriminate more accurately among data sets in which the data is separated into groups (clinical sites) than those in which all patient data are combined together.
It is well recognized in the literature that the tissue elastic properties provide means for not only characterizing tissue but differentiating normal and diseased conditions. This conclusion is based on a wealth of data obtained in the studies on excised breast specimens [34, 35] and clinical studies conducted by numerous researchers worldwide [37] [38] [39] [40] [41] [42] [43] [44] [45] [46] [47] . We summarized in Table 4 recently published clinical results directly related to the breast benign-malignant lesion differentiation by elasticity imaging. These data clearly demonstrate the significant diagnostic potential of elasticity imaging. The BMI data with a sensitivity of 91.4% and specificity of 86.8% is close to the results shown in Table 4 . Notably, this accuracy level (AUC 91.4%) was reached using the more cost effective approach of Mechanical Imaging, rather than other elastography techniques [48] . Based on these findings, we hypothesize that the BMI has a potential to be used as a cost effective device for cancer detection as a diagnostic modality. We further hypothesize that the BMI can be used not only for binary classification but for calculating the probability distribution for multiple possible outcomes subdividing various benign and malignant classes, to distinguish between fibroadenoma, cyst, fibrosis, ductal, lobular carcinoma and other conditions. Screening mammography is generally the recommended tool for breast cancer detection and is recognized throughout the world. The mammography results are used as the basis in making a decision about performing a biopsy at suspicious breast sites. In the United States alone, more than 1 million breast biopsies are performed annually and approximately 80% of these findings are benign [49, 50] .
We simulated how the use of the BMI after standard screening procedures (mammography alone or combination of mammography and conventional ultrasound) could reduce the benign biopsy rate. Figure 6 shows the results of this simulation. Applying the BMI cancer sensitivity and specificity calculated for the combined data including 179 patients (147 benign, 32 malignant) to the patient sample referred for the biopsy (20% of which will be malignant and 80% benign), we built the dependence of the benign biopsy reduction (%) versus the percentage of missed cancers as shown in Fig. 6 . These results indicate that a 23% reduction of the benign biopsy is possible without any missed cancer cases and a 50% reduction of the benign biopsy with 4.6% missed cancer cases. Category 3 BIR-ADS results in a 6 months follow up rather then a biopsy. About 1% of those are cancers. Anything over 1% is probably too high. Clearly, the decrease of the benign biopsy rate is accompanied by an increased proportion of missed cancers. This could be further mitigated by the recommended 3 or 6 months clinical follow up for all patients that were originally recommended for a biopsy but then diagnosed by the BMI as benign.
Conclusions
The multisite clinical study proved the capability of mechanical imaging for real time characterization and differentiation of benign and malignant breast lesions. The BMI has the potential to be used as a cost effective device for cancer diagnostics, and it could effectively reduce the benign biopsy rate. The BMI has the potential to be positioned as an adjunct to mammography and utilized as a screening device for breast cancer detection.
